In statistical phylogenetic analyses of DNA sequences, models of evolutionary change commonly assume that base composition is stationary through time and across lineages. This assumption is violated by many data sets, but it is unclear whether the magnitude of these violations is sufficient to mislead phylogenetic inference. We investigated the impacts of compositional heterogeneity on phylogenetic estimates using a method for assessing model adequacy. Based on a detailed simulation study, we found that common frequentist criteria are highly conservative, such that the model is often rejected when the phylogenetic estimates do not show clear signs of bias. We propose new criteria and provide guidelines for their usage. We apply these criteria to genome-scale data from 40 birds and find that loci with severely non-homogeneous base composition are uncommon. Our results show the importance of using well-informed diagnostic statistics when testing model adequacy for phylogenomic analyses.
Introduction
Models of molecular evolution play a central role in statistical phylogenetic inference. The evolution of nucleotide sequences is often described using substitution models of the general time-reversible family (GTR; Tavaré 1986). These models assume compositional stationarity, meaning that the nucleotide frequencies remain constant over time. Compositional heterogeneity can bias estimates of topology and branch lengths, and this has been demonstrated in studies of empirical data (Lockhart et al. 1992; Lento et al. 1995; Mooers and Holmes 2000; Foster et al. 2009; Sheffield et al. 2009; Nesnidal et al. 2010; Nabholz et al. 2011 ) and in simulations (Galtier and Gouy 1995; Jermiin et al. 2004 ). Various tests have been proposed to compare empirical base composition with that expected under a given model (Jermiin et al. 2009 ), but the realized impacts of violating this model assumption are generally unknown (Dutheil et al. 2008) . Thus, there is a need for methods that can diagnose the potential for phylogenetic inferences to be misled by compositional heterogeneity in the data.
In ideal practice, the substitution model should be diagnosed for the potential to produce misleading phylogenetic inferences before a complex, nonstationary substitution model is implemented. A rigorous method of assessment is to test substitution model adequacy, which allows the model to be rejected (Goldman 1993; Bollback 2002; Foster 2004; Brown 2014 ). More importantly, however, the test should detect whether estimates of topology and branch lengths are likely to be biased (Brown 2014; Duchêne et al. 2015; Duchêne et al. 2016) . Previous methods have used standard P-value cut-offs that follow frequentist statistics (Bollback 2002; Foster 2004; Brown 2014 ), but it is unclear whether these cut-offs lead to the desired outcome of detecting biased phylogenetic estimates.
Here, we explore the sensitivity of the v 2 -statistic test, which evaluates the assumption of compositional stationarity in substitution models of the GTR family (Foster 2004 ). We propose a new criterion to identify loci that might produce biased phylogenetic estimates because of base compositional heterogeneity. We use data simulated in the software p4 to explore how the performance of this criterion is affected by (i) the degree of compositional heterogeneity across lineages, (ii) the proportion of taxa that undergo a change in base composition, (iii) the phylogenetic distribution of the taxa that undergo a change in base composition, (iv) the total number of taxa, (v) the proportion of variable sites in the data, (vi) the length of terminal branches, and (vii) the number of sites in the data ( fig. 1 ; supplementary information, Supplementary Material online). We then illustrate the application of our criterion in an analysis of a phylogenomic data set comprising 3113 loci from 40 avian taxa (Jarvis et al. 2014 ).
New Approaches
Assessing substitution model adequacy is done by comparing a descriptive test statistic, calculated from the empirical data set, with the values of the statistic calculated from a large number of data sets produced by simulating sequence evolution under the model (Goldman 1993 ). The test statistic should be informative about the assumptions of the model in question. We refer to the simulations under the model as "predictive data", because they represent alternative or future samples under the candidate model and parameter estimates from the original data. The model can be said to predict the evolutionary process adequately if the value of the test statistic from the empirical data set falls within the range of values from the predictive data. 
MBE
To assess substitution model adequacy, we first performed a phylogenetic analysis of the data using the candidate model. In this study, we used the popular GTR þ C model as the candidate for assessment. We performed our analyses using maximum likelihood in PhyML 3.0 (Guindon et al. 2010) . We then simulated sequence evolution 100 times under the candidate model, using the maximum-likelihood estimates of model parameters. Each of these predictive data sets contains the same number of sites and taxa as the original data set. The v 2 statistic can be calculated for a data set using a contingency table (following Sokal and Rohlf 1981) with the frequencies of each of the bases for each of the taxa in an alignment. The v 2 statistic was calculated for each of the predictive data sets to form a predictive distribution of the statistic. The v 2 statistic calculated for the original data was then compared against the distribution of values from the predictive data sets (Foster 2004) .
Substitution model assessment is frequently done by rejecting the model if the test statistic for the original data falls above 95% or 99% of the values from the predictive data, corresponding to a values of 0.05 and 0.01, respectively (Bollback 2002; Foster 2004) . To determine thresholds that more realistically identify biased inferences of topology, we investigated the behavior of the GTR þ C model under a comprehensive range of simulation scenarios with compositional heterogeneity ( fig. 1 ; supplementary information, Supplementary Material online). We propose a new method of calculating the distance between the empirical and predictive values in the v 2 -statistic test, and provide guidelines for its usage based on the simulation study. The distance metric is based on the number of standard deviations of the predictive distribution (SDPD) between the mean and the v 2 statistic calculated from the original data.
Results and Discussion

Biased Phylogenetic Inferences from Simulated Data
Using simulations, we explored the effects of changes in base composition that resembled those found in the avian phylogenomic data ( fig. 1 ; Jarvis et al. 2014) . Biases in the estimates of topology or branch lengths were more common and severe when a greater proportion of the taxa underwent a change in base composition ( fig. 2) , and when internal branches were short (supplementary figs. S2 and S5, Supplementary Materials online). Topological inferences were also less accurate and more likely to group unrelated but compositionconvergent taxa as the strength of change in base composition increased. These results are consistent with those of previous studies (Galtier and Gouy 1995; Jermiin et al. 2004) . Bias in topology estimates was also greater when the tree had many taxa and the data alignment was short ( fig. 2) , which are conditions that lead to greater stochastic error. Importantly, biases in branch-length estimates are not necessarily associated with bias in inferred topology due to compositional heterogeneity ( fig. 2 ; supplementary figs. S1 and S3, Supplementary Material online). Here, we focus on identifying biased estimates of topology, particularly those involving the grouping of composition-convergent taxa.
We repeated our simulations along trees with short branches, such that the proportion of variable sites was approximately an order of magnitude lower than in other simulations (supplementary information, Supplementary Material online). Analyses of these data showed lower bias in the estimates of topology, but branch lengths were overestimated by up to 80% (supplementary figs. S1 and S4, Supplementary Material online). Branch-length overestimation occurs because a change in base composition inflates the inferred numbers of the kinds of substitutions involved in the change ). These problems might be alleviated in part by increasing the number of rate categories of the C distribution (Jia et al. 2014 ), or using a nonstationary model (Foster 2004 ).
Performance of New Approaches
The distance proposed here (SDPD) accounts for the spread in the predictive distribution and the distance from the empirical data. This approach is approximately equivalent to using a Pvalue, but it facilitates numerical calculations when the P-value is very small. Importantly, the predictive distribution is wider when the sequences are shorter, which also occurs in other test statistics (Goldman 1993) . Therefore, sequence length must be taken into account when using SDPD. Given our simulation parameters, our results are applicable to scenarios with 100 predictive simulations and inference using maximum likelihood. This framework provides a feasible approach for analyses of most phylogenomic data sets.
The SDPD metric can approximately predict errors in estimates of topology and branch lengths caused by compositional heterogeneity (supplementary figs. S6-S9, Supplementary Material online). Importantly, SDPD can be used to identify biased topological estimates, and specifically those that group together composition-convergent taxa. We selected two thresholds of SDPD scores, above which data sets are moderately or highly likely to yield biased estimates of topology because of compositional heterogeneity. To make our thresholds conservative, they were taken from simulations with low SDPD values and high bias due to incorrect grouping of composition-convergent taxa. We chose simulations with long internal branches, which allowed for more compositional similarity among closely related taxa and lower SDPD values, but also led to substantial topological bias ( fig.  2 ). The thresholds also account for sequence length, which is straightforward to quantify and is a primary correlate of topological bias due to compositional heterogeneity ( fig. 2) .
The first threshold, SDPD moderate , was the smallest distance at which we found topological bias caused by compositional heterogeneity, which occurred in simulations involving 32 taxa and with one-eighth of taxa experiencing a very strong change in base composition. The second threshold, SDPD high , was the maximum distance of a scheme in which bias was moderately likely, such that a biased estimate of topology was highly likely at distances above this value. This occurred in simulations involving 32 taxa and with one-half of the taxa experiencing a very strong change in base composition. These thresholds are approximately linearly associated with the sequence lengths of simulations. We fitted a least squares linear 
FIG. 2.
Performance of phylogenetic inference using the GTR þ C substitution model when branches are long (mean 1/5), their lengths come from the same distribution (long internal branches), and the change in base composition is (A) not monophyletic (two composition-convergent clades), or (B) monophyletic (a single clade with a change in base composition). Simulations of sequence evolution were performed under a range of scenarios in which the assumption of compositional stationarity was violated to varying degrees ( fig. 1) . Graphs show the Duchêne et al. . doi:10.1093/molbev/msx092 MBE regression for sequence length as a function of the distance values, and used the fitted line as a threshold distance for other sequence lengths ( fig. 3 ). Using the SDPD high threshold can lead not only to low rates of false rejection of the model, but also to failure to reject the model in instances where the data set is likely to yield a biased estimate of the topology. For example, the estimate of the topology was frequently biased in simulations in which a small proportion of the taxa experienced a large change in base frequencies ( fig. 2 ; supplementary figs. S2 and S3, Supplementary Material online). Meanwhile, data sets that yielded SDPD values above the SDPD moderate threshold frequently produced inferences that were unbiased. If the SDPD value falls between SDPD moderate and SDPD high , it is appropriate to investigate whether changes in base composition are either severe, occur in many taxa, or occur in extremely long terminal branches, and to make a decision on model adequacy accordingly.
Empirical Data
To illustrate the use of the SDPD metric, we analyzed a phylogenomic data set comprising 3113 genes from 40 bird species (Jarvis et al. 2015) . This data set is a subsample of the one used in a recent investigation of avian evolutionary relationships and timescale (Jarvis et al. 2014) . The authors rejected the model for all of these loci, using a method to assess compositional heterogeneity that compares the types of nucleotide substitutions in pairs of sequences across a data set (Jarvis et al. 2014) . We found that the substitution model was rejected for 92% of the 3113 loci according to the v 2 -statistic test using a standard cut-off.
Using our new SDPD distance metric, we found that 1% of the loci fell beyond the SDPD moderate threshold, and none fell beyond the SDPD high threshold (fig. 3 ). This suggests that compositional heterogeneity in these data might be unlikely to cause biased estimates of the topology. In the avian phylogenomic data, loci with a moderate likelihood of yielding biased estimates of the topology seem to produce lower node support values than most loci (supplementary fig. S10 , Supplementary Material online). However, the topologies inferred from these loci are similar to those from other loci, have typical tree lengths, and have typical shape parameters for gamma-distributed rates across sites (supplementary figs. S11-S13, Supplementary Material online).
One approach to avoid bias due to compositional heterogeneity is to exclude the loci or taxa that drive the changes in composition in a genome-scale data set. This approach can be appropriate as long as a small number of loci, taxa, or types of alignment sites are driving compositional heterogeneity (Nesnidal et al. 2010; Jarvis et al. 2014) . It might be particularly desirable to discard loci if they have a signal of compositional change in the same node of the tree. However, these discarded data might contain valuable information; a more satisfactory approach is to model compositional heterogeneity and to demonstrate the improvement in the adequacy of the model (Foster et al. 2009 ). A number of nonstationary models have been implemented (Lockhart et al. 1994; Foster 2004; Blanquart and Lartillot 2006; Boussau and Gouy 2006; GowriShankar and Rattray 2007; Dutheil et al. 2008 ), but using these models is often unnecessary and computationally expensive when analysing large data sets.
Conclusions
Phylogenomic sequence data have generally evolved under nonstationary conditions (Sheffield et al. 2009; Nesnidal et al. 2010; Nabholz et al. 2011) . We have shown that using a simulation framework provides a useful means of understanding the efficacy of test statistics for evaluating model adequacy. Our results allow us to provide guidelines for the usage of the v 2 -statistic test for evaluating the phylogenetic performance of substitution models. Based on our simulation study, we find that a stationary model such as the GTR þ C might be adequate for analyzing avian phylogenomic data.
FIG. 3.
Distance between empirical and predictive data (x-axis) for loci of varying lengths from bird genomes (y-axis). The dashed vertical line shows the standard cut-off of 0.95 tail area probability. The solid orange line indicates the SDPD moderate threshold, whereas the solid red line indicates the SDPD high threshold (details of these thresholds are given in the main text). The orange and red lines show the leastsquares approximation of these thresholds across locus sizes. Empty circles represent the loci that are moderately likely to yield biased estimates of topology on account of compositional heterogeneity (i.e., the loci that yield SDPD values that lie between the SDPD moderate and SDPD high thresholds).
FIG. 2. Continued distribution of distances between the mean v
2 statistic for the predictive data and that of the original data for each simulation scenario. Distances are shown in terms of the number of standard deviations of the v 2 predictive distribution between two values. The light grey shows distances above the SDPD moderate threshold, whereas dark grey shows the distances above the SDPD high threshold (details of these thresholds are given in the main text). 
